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I. INTRODUCTION

H
EART failure (HF) is a multifactorial pathology presenting one of the highest prevalence worldwide. In HF, cardiac output is reduced by pathological modifications of the mechanical properties of the heart and, in some cases, an altered cardiac electrical activation (intra or interventricular desynchronization). A variety of neurohumoral regulatory mechanisms are triggered during the early stages of HF, covering a wide range of time scales (from seconds to weeks). Although these mechanisms can compensate for the consequences of HF in the short term, they become deleterious in the mid to long terms and may accentuate ventricular dysfunction and cause a permanent increase in preload and afterload, a structural remodeling of the heart, pulmonary or peripheral edema, decreased renal output, and dyspnea on exertion.
Different therapies are offered to patients suffering from HF, including changes in lifestyle, pharmacological agents (vasodilators, diuretics, beta-blockers) or the implant of a biventricular pacemaker or defibrillator (cardiac resynchronization therapy-CRT) [1] . In all cases, the optimal followup of this population is a major concern, since the main cause of hospitalization and health care expenditure in HF is due to acute decompensated heart failure (ADHF) [1] . In previous works, we have studied a population of HF patients undergoing CRT, focusing on a multivariate analysis of a set of physiological variables acquired by the CRT device during the six months following the implant, for the early detection of ADHF [2] . This paper revealed complex interactions between the acquired variables. A model-based analysis of these data would thus be useful to better understand the events leading to an ADHF and to improve the early detection of these episodes.
Although a number of lumped-parameter models of the cardiovascular system (CVS) have been proposed in the literature, only a few provide the multiorgan integration and the representation of both short-and long-term cardiovascular regulations that are required for the analysis of ADHF [3] . The pioneering models of Guyton, Coleman, and Granger [4] propose a lumped-parameter, multiorgan representation of the CVS and its regulation, which can be used to analyze events over time scales ranging from seconds to weeks or months. In previous works, we have implemented these models under an objectoriented multiformalism modeling tool (M2 SL) that eases the integration of heterogeneous models [5] . However, the Guyton models, as well as their more recent versions [6] , do not include a pulsatile cardiac function. This is a major limitation when studying HF, since 1) the model cannot represent the systolic and diastolic characteristics of HF, or a biventricular desynchronization, 2) some useful clinical variables, such as the maximum of the arterial pressure derivative cannot be simulated, and 3) a more realistic representation of short-term regulatory loops (such as the baroreflex) requires these pulsatile variables.
This paper presents an example of model integration at different time scales in which the nonpulsatile ventricles of the original Guyton model are replaced by a pulsatile, elastancebased model of the heart, including interventricular interaction through the septum. Sensitivity analyses and simulation results are presented and discussed in the context of CRT.
II. INTEGRATION OF PULSATILE VENTRICLES
The original Guyton model is built around a central "circulatory dynamics" module, which interacts with 17 peripheral modules corresponding to various physiological functions (autonomic control, renal function, renine-angiotensine system, etc.). Ventricular function is represented by a static algebraic equation, providing mean ventricular outputs (QLO and QRO for the left ventricle (LV) and right ventricle (RV), respectively), which are computed as the product of the "baseline" ventricular outflow and various other parameters, including the mean 0018-9294/$26.00 © 2011 IEEE arterial pressure PA, pulmonary pressure PPA, and the autonomic effect on cardiac contractility (AUH 0 ). In order to integrate a pulsatile heart, the LV and RV of the Guyton model were substituted with pulsatile ventricular models. To our knowledge, the first attempt to integrate a pulsatile heart into the Guyton model was proposed by Werner et al. [7] . However, their work focused on analyzing the short-term response of the system, and no details on coupling with all the Guyton components were given. In addition, simulation results were not compared to Guyton's results. This substitution process is not simple, for it requires 1) the definition of coupling transformations in order to preserve the numerical and physiological properties of the original model, 2) parameter identification for the proposed coupling transformations, and 3) a sensitivity analysis providing information on the impact of integrating the new pulsatile model.
A. Coupling the Guyton and Pulsatile Models
The first coupling interface concerns the hemodynamic variables. This coupling can be performed directly (without any transformation), since the physical units used in both models for these variables are the same. Atrial and arterial pressures of the Guyton model are connected as inputs to the pulsatile models and transvalvular flows obtained from the pulsatile model are connected to the Guyton model.
In order to obtain pulsatile variables, a time-varying elastance formalism, including ventricular interaction as proposed by Smith et al. [8] was used. Ventricular elastances vary between values obtained from the end systolic pressure-volume (PV) relationship and the end diastolic pressure-volume relationship (EDPVR). End systolic P es and end diastolic P ed pressures are defined as
where E es is the end systolic elastance; V d is the volume at zero pressure; P 0 , λ, and V 0 are the parameters defining the EDPVR. The PV relationship of each ventricle is calculated by
where e(t) represents the elastance function that will be defined later on. The septum is represented by a flexible common wall between the LV and the RV. The LV free wall volume V lvf and the RV free wall volume V rvf are defined as
where V spt , V lv , and V rv are, respectively, the septum, LV, and RV volumes. The computation of the septum volume is the solution of the equation linking the septum pressure to the difference between left and right ventricular pressures
The heart valves are represented by modulated resistances.
A second coupling interface deals with the modulation of the cardiac activity through continuous variables of the Guyton model representing the autonomic control of the chronotropic and inotropic effects (AUR 0 and AUH 0 , respectively). Since AUR 0 and AUH 0 are dimensionless variables, the following linear transformations are applied:
where S AUR and S AUH are sensitivity controllers and B AUR and B AUH are baseline controllers. These controller parameters have to be tuned to adjust the level of autonomic regulation. A transformation based on an integral pulse frequency modulation (IPFM) model [9] has been further defined to convert AUR into a series of pulses that will activate ventricular elastances. Each emitted pulse of the IPFM generates a variation of the ventricular elastance, which depends on AUR as follows:
where t is the time elapsed since the last activation pulse and A = 1, B = 80 s −2 , and C = 0.27 s are the elastance parameters proposed in [8] . Finally, the end-systolic elastance E es is modulated by
where E es0 is the basal value for the end-systolic elastance.
B. Identification of the Controller Parameters
Controller parameters P = [S AUR , B AUR , S AUH , B AUH ] were identified by comparing the simulations obtained from the original Guyton model with those obtained from the proposed integrated, pulsatile model, during the 5-min simulation of a sudden severe muscle exercise, which is an original experiment described in [4] and presented in detail in [10] . This simulation is obtained by changing the exercise parameter EXC to 60 times its normal value at t = 30 s. This effect generates approximately a 15-fold increase in the whole-body metabolic rate, triggering a regulatory response. Then, at t = 2 min, the value of EXC is reset to normal.
The error function ε, which is minimized during the identification process, is computed as
where n is the sample index, N is the number of simulated samples (equivalent to 5 min at a sampling period of 10 −2 min), and variables Y original j and Y pulsatile j correspond to detrended and scaled versions of the jth output variable, obtained from the original and pulsatile versions of the model, respectively. The six output variables presented in Fig. 1 , which were validated against the published data in [4] , have been selected to calculate ε. In order to identify P, an evolutionary algorithm (EA) has been applied, as in our previous works [11] . EA are stochastic search methods, inspired by the theories of evolution and natural selection, which can be employed to find an optimal configuration for a given system [12] . The repeatability of the obtained optimal parameters was assessed applying the identification method four times with different initial conditions.
C. Sensitivity Analysis
In order to assess the impact of integrating pulsatile ventricles, an input/output sensitivity analysis of the "circulatory dynamics" module was performed. The screening method of Morris [13] 
The mean μ i and standard deviation σ i of EE i,m (for all m) are calculated. A large value of μ i indicates a significant overall effect of x i on y, while a large value of σ i indicates either nonlinear or strong interactions with other inputs. All EE i for a given y can be analyzed in the σ i -μ i plane.
III. RESULTS Table I shows the mean values and the standard deviations of the identified parameters obtained with the EA.
Using these mean parameter values, Fig. 1 shows the comparison of the output of the pulsatile and original models for the simulation of a sudden severe muscle exercise, used dur- ing the identification process. In order to facilitate the comparison between both model outputs, pulsatile variables have been low-pass filtered. A close match is observed between both simulations. The mean relative root-mean-squared error equals 0.0025. The proposed model provides simulations of pulsatile pressures and volumes for RV and LV. These variables do not exist in the original model. An example of these pulsatile variables is presented in Fig. 2 , with the simulation of ventricular PV loops, obtained by changing systemic resistance. The end-systolic PV relation has been found to be linear. These simulations are consistent with clinical observations [14] . Fig. 3 shows the Morris input/output sensitivity results on the mean PA with p = 20 and M = 5·k (k = 16 and k = 17, respectively, for the original and pulsatile models). In both cases, the most influential inputs are the plasma volume (VP), the autonomic regulation of vasoconstriction on arteries (AUM), and the vascular volume caused by relaxation (VVR). A slightly higher sensitivity to inputs that modulate the systemic resistance (ANM, ARM, and AMM) is observed on the pulsatile model. These factors are more influential than AUH0, which is on the same sensitivity level in both models. This is mainly due to the more realistic response of the pulsatile model to changes in afterload.
IV. SIMULATION OF AN ADHF Fig. 4 presents the main hemodynamic and regulatory variables represented in the proposed pulsatile model for the simulation of a stable HF state. At t = 24 h of simulated time, parameter values E es0 and V d where reduced (E es0,LV = 0.7 mmHg/ml, E es0,RV = 0.5 mmHg/ml and V d, LV = 20 ml) to correspond to those observed from HF patients [14] . This reduced ventricular function causes a sudden decrease of PA and cardiac output and a significant increase in atrial pressures and ventricular preload, leading to an accumulation of fluid on the systemic and pulmonary spaces. In order to compensate for this hemodynamic response, neurohumoral regulations are initiated with a fast autonomic modulation (AU), combined with the slower response of the renin-angiotensin system (ANM). A stable HF state is reached, with an increased sympathetic tone, fluid retention, and reduced PA and cardiac output.
Finally, the simulation of an ADHF event is shown in Fig. 5 . The simulation starts from a stable HF state obtained, for example, after implanting a CRT device. A sudden desynchronization of both ventricles (interventricular delay = 200 ms) is simulated at time t = 5 min. This event reproduces a sudden loss of capture of the LV lead that can be observed on CRT patients due to lead displacement. The model response presents a decreased PA and a regulatory response which are in accordance with clinical observations [15] . 
V. DISCUSSION AND CONCLUSION
This paper presents an example of temporal multiscale integration in which the nonpulsatile ventricles of the original Guyton model are replaced by a pulsatile, elastance-based model of the cardiac function. In order to perform this integration, an interfacing method applied to couple these heterogeneous models is presented. Although the proposed model is already useful for analyzing the main interaction effects that may be considered for the development of new ADHF detection methods, it still has to be improved and validated. To that end, an initial validation of some model components, such as the reproduction of patient-specific transvalvular flows for different CRT pacing configurations using the time-varying elastance model with pulsatile atria and ventricles [16] , has been undertaken. Moreover, the proposed interfacing approach has been applied to integrate improved versions of other important components of the model, such as the renin-angiotensin system [17] . The validation of the global interconnected model is a challenging task, mainly because of observability limitations in long-term monitoring. The data captured from new-generation CRT devices will be useful to tackle this issue.
